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ABSTRACT 
 
Sustainable water supply for an urban water system (UWS) is a challenge especially when 
the system is subject to both climate change and increasing water demand. This paper presents a 
simulation-optimization approach for determining an optimal strategy for long term operation 
of UWSs. The simulation module is the conceptual WaterMet
2
 model which can quantify and 
evaluate the values of some pre-defined performance indicators through simulating the UWS 
operation. The optimization module is the genetic algorithm (GA) minimizing water abstraction 
from groundwater wells and total costs while maximizing the system reliability. The decision 
variables are the amounts of water allocated to different service reservoirs and demand zones. 
The developed approach is demonstrated through its application to the UWS of Kerman City 
located in the south-eastern part of Iran, which is suffering from decreasing water resources due 
to overexploitation of groundwater resources. The results show that the developed simulation 
optimization approach can effectively be used in finding a sustainable water supply strategy for 
the studied UWS under an extreme scenario with a significant increase in future water 
demands.  
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1-INTRODUCTION 
One of the main concerns of urban water management is to supply sufficient water for 
urban areas over a specified planning horizon. To solve urban water-related problems, 
sustainable management of urban water systems (UWSs) needs to effectively be taken into 
account where socio-economic, environmental and equity considerations are emphasized. 
Conceptual urban water models may be used to inform decision makers of sustainability of 
different water management options for a city (Mackay et al.  [1]). Conceptually-based 
simulation models are useful tools for analysing UWSs by which key performance indicators 
(KPIs) of the systems can be evaluated [2, 3 and 4]. Optimization approaches can also be used 
to improve KPIs by identifying the best sustainable operation and management options of the 
system. We integrate simulation and optimization approaches in this paper for optimizing the 
management of an UWS. A brief description of the approaches including simulation and 
optimization modules is presented in the next section. This is followed by introducing the case 
study in which the main components of the studied UWS and decision variables are presented. 
Then, the results are discussed. Finally, the paper ends by concluding remarks. 
 
2-METHODOLOGY 
The operation of UWSs depends on how available water resources are used and assigned to 
service reservoirs and how much water eventually reaches demand points. A set of rules called 
operational policies could be specified based on the demand oriented approach in an UWS 
simulation model (Loucks et al. [5]). WaterMet
2
 as a conceptually-based simulation model is 
used here with known coefficients representing the percentages of water that are allocated to 
different service reservoirs and demand components of an UWS [4, 5]. Having run the 
WaterMet
2
 simulation model, KPIs associated with each set of the allocation coefficients are 
evaluated based on simulating the long term operation of the UWS under consideration. 
Therefore, an optimizer such as GA could be used to optimize the set of coefficients which 
would result in the best KPIs as the objective function. The simulation and optimization 
modules are explained in more details below. 
 
2.1. Simulation model 
WaterMet
2 
is a conceptual, mass balance-based simulation model which quantifies the 
metabolism-related performance of a generic UWS with focusing on sustainability related 
issues (Behzadian et al. [2]). The main flow and storage elements modeled in the WaterMet
2
 are 
classified under four main subsystems (Behzadian et al. [6]). These subsystems include (1) the 
water supply subsystem comprising three storage nodes (water resources, water treatment 
works (WTWs) and service reservoirs) and three types of water flow 'routes' (water supply 
conduits, water trunk mains, and distribution mains) connecting the storage nodes to each other; 
(2) the water demand subsystem comprising storages for all water consumption points including 
indoor and outdoor water usages. The water demand for each of consumers can be calculated 
based on a user-specified method (e.g. appliances and fittings or water demand per capita); (3) 
the wastewater subsystem comprising one flow route (separate/combined sewer systems) and 
storage node (waste WTWs  (WWTWs)); and finally (4) the cyclic water recovery subsystem 
comprising both centralised and decentralised cyclic water recovery systems.  
The WaterMet
2
 model quantifies several principal flows in an UWS. These flows are (1) 
water flow including clean (potable) water, stormwater, grey water, black water; (2) energy flux 
either consumed in various forms (i.e. electricity, fossil fuel, embodied energy) or generated as 
heat or electricity; (3) greenhouse gas emission (GHG) flux generated directly (from electricity 
or fossil fuel consumptions) or indirectly as embodied GHG (from materials used in pipeline 
rehabilitations and chemicals used/produced in WTWs and WWTWs); (4) chemical flux 
consumed for water treatment in WTWs, service reservoirs and WWTWs; and (5) pollutant flux 
resulted from tracking down pollutant loads in wastewater and cyclic water recovery 
subsystems. Further details of the WaterMet
2
 model can be found in Behzadian et al. [2]. 
 
2.2. Optimization model  
Genetic Algorithm (GA) is used as an optimizer which is characterized normally by an 
objective function and decision variables that need to be defined. A number of KPIs calculated 
by the WaterMet
2
 model are accounted for in the objective function of the optimization model. 
More specifically, three KPIs are first defined as normalized values which scale all objectives in 
the range [0, 1]. Then, they are combined together as weighted values of the three normalized 
objectives to form a single fitness function. The KPIs are briefly described as follows:  
1- Cost Function: it is considered as sum of operational costs of an UWS design and/or 
operation problem over a planning horizon. The normalized value of this function (OF1) which 
is minimized can be stated by the following equation:  
 
 OF1= Min 
∑      
 
           
               
       (1) 
 
where N= number of time steps (days) in the planning period (30 years); (Cost)i = total costs in 
day i; MaxCost= the maximum cost over the planning period (assumed here to be 900 million 
Euros); MinCost= the minimum cost over the planning period in the studied UWS (zero). 
 
2-Water Abstraction Volume: The total water abstraction from groundwater wells over the 
planning period to fulfill a part of the UWS water demand. The normalized value of this volume 
(OF2) as the second part of the objective function which is minimized can be stated as follows: 
 
OF2= Min 
∑      
 
           
               
                       (2) 
 
where Absti =total water abstraction in day i; MaxAbst=the maximum water abstraction from the 
wells over the planning horizon (calculated by assuming maximum annual groundwater 
abstraction equal to 42.5 MCM). MinAbst =the minimum water abstraction from the wells 
(zero). 
 
3-Reliability index: it is defined as the ratio of total water supplied to total water demand over 
the planning period. Because the goal is to maximize the reliability index, the reliability 
function (OF3), representing the normalized difference from an ideal situation, is defined here 
to be minimized as follows:  
 
OF3= Min 
             
∑   
 
    ∑   
 
          
       (3) 
 
where Si = water supplied in day i; Di = water demand in day i; MaxRel= the maximum 
reliability value (assumed here one); MinRel= the minimum reliability value (assumed here 
zero). Finally, the fitness function of GA can be expressed as the following form:  
 
 Fitness function= Min (WC×OF1+ WA×OF2+ WR×OF3)    (4) 
 
where WC, WA, and WR  are the weights of each of the objective functions showing their relative 
importance in the fitness function (assumed here to equal one). A standard GA is used in this 
study (E. Goldberg. [7]). Each chromosome represents a set of decision variables (genes) and 
the length of each chromosome represents the number of decision variables (Figure 3). The 
genetic structure of each chromosome in our case study will be described after introducing the 
case study. The GA general operators are selection, crossover and mutation. The Elitism 
operator is also used to keep the best solution in each new generation.  
Generation of a new population is continued until some finishing criteria are met. The 
stopping criterion here is assumed to be a pre-specified number of generations in which no 
change is observed in the best objective function value. A sensitivity analysis-based approach 
can be used for setting the GA parameters. Hence, they are determined after a limited number 
of trial runs using different randomly generated initial populations. For each candidate solution 
(chromosome), the GA optimizer calls the WaterMet
2
 simulation model using a series of toolkit 
functions which is available as .NET dll (Behzadian et al. [8]). Then, the WaterMet
2
 model 
simulates the UWS operation based on the decision variables (genes) of a solution and returns 
the objective (fitness) function to the GA. 
 
3-CASE STUDY 
The proposed model is demonstrated through its application to the UWS of Kerman City in 
Iran which is suffering from decreasing water resources due to overexploitation of groundwater 
resources. The city of Kerman with a population of ~640,000 in 2011 and a total area of 140 
Km
2 
is located in the south-eastern part of Iran in an arid region as shown in Figure 1. 
Currently, groundwater is the only water source for domestic and non-domestic water demands 
in Kerman. An increasing rate of population growth and numerous droughts have been the most 
important challenges of Kerman water supply system in recent years. As a result, the aquifer 
level has been declined severely because of excessive water withdrawals. To alleviate this 
problem, a dam reservoir as a new water source is under construction and will be added to the 
UWS in next five years. The new dam is 150 Km far from the city, and a new WTW will also 
be built for water treatment. Despite locating in an arid area, the mean elevation of the city is 
about 1755 m above sea level. Therefore, the water of the dam reservoir needs to be pumped 
around 1000 meters causing a lot of energy for pumping.  
 
 
Figure 1. Layout of the Case study (Kerman UWS) 
 
The city is divided into six subcatchments each of which has its own specifications (e.g. 
population, water demand, area, and connectivity features to water resources). There are four 
groups of groundwater sources that are used for urban water demands. Moreover, the Kerman 
UWS has five service reservoirs and five WTWs. A schematic representation of the system 
components and their connectivity graphs are shown in Figure 2. The main features of the 
system components outlined in the figure are presented in Table 1 [9]. The energy required for 
water abstraction from the wells ranges between 0.19 and 0.87 KWh/m
3
, while this energy for 
the dam reservoir is 3.9 KWh/m
3
 due to the aforementioned reason. The relative coefficients of 
the amounts of water assigned to each route (conduits, trunk mains, and distribution mains) are 
considered as the decision variables of the optimization problem which are described below as 
genes of each chromosome in GA.  
 
 
Figure 2. Schematic representation of Kerman UWS and its components 
 













1 set of  63 wells 1 70,000 1 282,999 68,587 
2 set of  17 wells 2 12,000 2 72,864 20,425 
3 set of  16 wells 3 12,000 3 178,678 41,990 
4 set of  3 springs 4 16,000 4 24,533 6,570 
5 
 dam reservoir 
with a capacity 
of 72 MCM 
5 3,000  5 7,322 1,720 
 6 70,761 17,911 
 
Figure 3 depicts a schematic representation of genes (decision variables) for each 
chromosome in GA. There are essentially thirty connecting routes twelve of which are 
independent whose water allocation coefficients are automatically calculated by knowing other 
coefficients. Consequently, eighteen water allocation coefficients are considered as independent 
decision variables of GA. As shown in Figure 2, each component receives water from the 
connecting upstream component according to a pre-specified relative coefficient in the 
WaterMet
2
 model based on the Eq. given below:  
 
Qj=∑       
 
        k=1,…, M  ;  0 ≤Cjk≤1  ;  ∑    
 
   =1    (5) 
 
where Qj = total water received by downstream component, qk = water available at upstream 
component k, Cjk=relative water allocation coefficient assigned to the conduit connecting 
upstream component j to downstream component k; n=number of connecting upstream 
components, and M=number of downstream components all in a given time step. Each 
chromosome of GA represents a set of allocation coefficients, and its length will be equal to the 
number of unknown coefficients (i.e. 18). Note that all decision variables are real numbers 
between 0 and 1.  
 
Allocation Coefficients for 
Subcatchments 3, 5 and 6 
Allocation Coefficients for 
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 model simulates the Kerman UWS for a period of 30 years starting from 
2015 with a daily time step for a specific scenario associated with an increased water demand. 
This scenario is about evaluating the situation of the highest foreseen rate of population growth 
when the population is estimated to reach approximately 1,100,000 by 2045. In addition, the 
historical data of groundwater table shows a steady decline over the last decade. As a result, the 
energy required for pumping water from the aquifer has been increasing. This decreasing trend 
for groundwater table is assumed to continue with a same rate over the planning horizon. Based 
on the available historical data on groundwater table and the consumed energy, we built a 
function relating these two variables which was used then in the GA model over the planning 
period. Note that groundwater is not modeled in this work because the major water abstractions 
from the aquifer are performed for agriculture which is beyond the limit of the study area. 
Hence, the variation of groundwater table is the only influencing parameter of the groundwater 
in this analysis. 
 
4-RESULTS AND DISCUSSION 
After a limited number of trial runs, the GA parameters were set as population size of 40, 
roulette wheel selection operator, mutation probability of 0.2, and one-point crossover with the 
probability of 0.8. These values were rigorously checked so that a fast convergence to the 
solution was obtained, and the solutions reached were robust enough in different GA runs. The 
GA optimizer ran for 500 generations, and the best fitness function converged on a minimum 
value after almost 270 iterations. Figure 4 shows a typical GA run and the convergence of the 
fitness function for the best solution. Table 2 presents the optimal coefficient values obtained by 
the optimization model. Note that for each group of coefficients connecting to one downstream 
storage component, there is one dependent coefficient value which is simply calculated based 
on the fact that the sum of the coefficients must be equal to one (see Table 2).  
When the surface water reservoir as a new resource puts into operation at year 5, the 
service reservoirs will receive the majority of their water demands from WTW6 which is fed by 
only dam reservoir (source5). The KPIs associated with the optimal solution are: 1- Cost= 873 
Million Euros; 2- Total volume of groundwater withdrawal= 31, MCM; and 3- Water supply 
reliability index= 100%. As the energy required for withdrawing water from the surface 
reservoir is around 10 times larger than that from groundwater resources, the significant water 
withdrawal from the surface water reservoir will result in a higher energy consumption in the 
UWS model. That is why the resulting total cost is relatively high while the other two 
objectives (reliability of water supply and groundwater withdrawal) are quite acceptable. Given 
the serious concern about decline of groundwater table over the recent decades, relying heavily 
on the groundwater source for a long term water supply will increase the risk of water shortages 
in future. Consequently, seeking other sources of water can be an inevitable choice despite the 




Figure 4. A typical convergence of GA runs for the best solution in each generation 
 
Table 2. Optimal decision variables (allocation coefficients)  








1 1WTW1-Res1 0.02 1 WTW1-Res4 0.019 
2 WTW1-Res2 0.96  
3 WTW1-Res3 0.001 
4 WTW2-Res2 0.95 2 WTW2-Res3 0.05 
5 WTW3-Res1 0.26 3 WTW3-Res4 0.03 
6 WTW3- Res2 0.7  
7 WTW3- Res3 0.01 
8 WTW4-Res1 0.02 4 WTW4-Res4 0 
9 WTW4-Res2 0.97  
10 WTW4-Res3 0.01 
11 2SRes1-WTW1 0.009 5 SRes1-WTW6 0.991 
12 SRes2-WTW2 0.005 6 SRes2-WTW6 0.995 
13 SRes3-WTW3 0.06 7 SRes3-WTW6 0.94 
14 SRes4-WTW4 0.05 8 SRes4-WTW6 0.95 
15 SRes5-WTW5 0.026 9 SRes5-WTW6 0.974 
16 3SubC3- SRes3 0.14 10 SubC3-SRes4 0.86 
17 SubC5- SRes3 0.05 11 SubC5-SRes4 0.95 
18 SubC6- SRes1 0.08 12 SubC6-SRes2 0.92 
1
WTW-Res= A WTW connecting to a water resource;  
2
SRes-WTW= A service reservoir connecting to a WTW;  
3
SubC-SRes= A subcatchment connecting to a service reservoir;  
 
Apart from the mentioned points on the solution achieved, the high percentage of water 
supply by the surface water reservoir could bring about the following two advantages: (1) it will 
alleviate the groundwater withdrawal; (2) the water quality of the surface water is better than 





















of energy consumption, the best strategy is to apply an option of conjunctive-use of 
groundwater and surface water resources to fulfill Kerman City water demands over the future 
long term period.   
 
5-CONCLUSION 
We presented a simulation optimization approach for improved, integrated management of 
Kerman City urban water system in Iran considering the sustainability indicators of economic 
efficiency, controlled groundwater abstraction, and reliability of water supply. In this approach, 
the WaterMet
2
 model simulated the urban water system operation over a long term planning 
period for objective function evaluations within a GA optimizer. The decision variables were 
water allocation coefficients that represented the fraction of water allocated from each of water 
resource points (groundwater and surface water) to different service reservoirs and demand 
nodes. The spatial variations of the system features (population, area, place, water demand, etc.) 
were considered by dividing the studied UWS to 6 subcatchments which resulted in 18 
independent decision variables of water allocation coefficients assigned to water transfer 
elements of the system. The application of the developed simulation optimization approach in a 
specific scenario of increased future water demands showed that the best strategy was to use 
both surface and groundwater resources conjunctively. Although we integrated the performance 
indicators into a weighted, normalized, single objective function, the approach can be extended 
to multiobjective optimization including risk based objectives.  
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